Abstract-Batteries are an important element for residences that are in grid-connected systems with energy procurement. They provide storage for local generation and a buffer against the inconsistent output from renewables such as rooftop solar. In addition, they can independently provide a medium for buying and selling retail energy. The growing deployment of reversepower-operation systems provides residences with the ability to buy and sell energy at the retail time-of-use rate. While the nonlinear models of chemical batteries have been extensively studied, they have not been applied to strategies for residential battery use. In this work, we develop a formulation for battery usage based on more realistic battery models, optimizing the benefit of discharging the battery. We design the scheme for the actual use of batteries in an energy-trading environment, considering the total cost of ownership and return on investment. Finally, we simulate the system in different geographic locations using the actual time-of-use pricing for each, and demonstrating return on investment in as few as 5 years.
I. INTRODUCTION
The electricity grid is transforming from a monolithic system of utility providers and their dependent consumers to a heterogeneous, distributed graph of individual producers and consumers. Distributed energy resources have extended to individual residences through rooftop solar, onsite wind, and other means of local generation. However, renewable sources are notoriously unpredictable [1] . For residential loads, solar availability does not match consumption. Electrochemical storage such as lead-acid, lithium-ion, and phosphate batteries have been proposed to store locally generated energy in residences for appliance use [2] , as well as in general for load shifting [3] , and peak power shaving [4] .
However, batteries have nonlinear charging, discharging, and degradation properties that increase the difficulty of optimizing their usage. Previous works, focused on the application or usage scheme, neglected the impact of realistic battery degradation. As a part of our work, we include more accurate closed-form battery model for optimization, and as a result identify more than 2x error in estimated total savings that prior work claimed due to inaccurate battery modelling.
Effective battery use relies on a practical scheme that balances battery charge and discharge cycles with the goal of leveraging savings into a return on the capital investment (ROI). Another contribution of our work is that we formulate a closed-form optimization problem that uses accurate modelling of the batteries over their lifetimes to maximize the operational savings of the battery against a predefined target ROI. We accomplish this by buying, storing, and selling energy based on knowledge of changing utility energy prices. Our approach enables us determine the true operational cost and lifetime of the battery beforehand and determine parameters for usage. We verify our formulation by simulating scenarios and verifying the accuracy against an accurate Coulomb counting battery simulation model. Finally, we construct a case study testing the optimization scheme against real data from different U.S. cities with different energy cost profiles, demonstrating a return on investment (ROI) and even profit in as few as 5 years.
The rest of this work is as follows: Section II covers the related work on battery modelling and use. Section III covers the problem formulation of batteries in a time-of-use priced electricity market. Section IV uses the formulation to setup an experiment to calculate ROI and cost savings across multiple cities and pricing schemes.
II. RELATED WORK Accurate battery modelling has been extensively studied in different works. The overview in [5] outlines the different approaches: electrochemical models simulate the changes in the chemical compositions of batteries over time; electricalcircuit models create an equivalent capacitive circuit; and analytical and stochastic models create a mathematical representation of the change in various battery characteristics over time.
Several works have investigated battery integration in residential systems. The majority focus on integrating batteries as part of other objectives: peak power shaving, voltage regulation, and cost and energy reduction. Ratnam et al. [3] use a quadratic program to minimize the energy needed from the grid. They utilize residential PV with a co-located battery. The storage afforded by the battery allows the residence to shift the grid energy profile, avoiding peak pricing. However, they assume an ideal battery model, not taking into account the nonlinear properties. Similarly, van de ven et al. [6] use a Markov Decision Process to optimize 978-1-4799-7358-3/15/$31.00 ©2015 IEEE shifting stored energy to high-demand periods in houses, also using a linear battery model. Leadbetter et al. [7] use a battery storage system for peak power shaving, leveraging the model to determine the size of the system. They limit the battery state of charge (SOC) to between 15%-85% to minimize decay and extend cycle life, but do not account for the decay itself in the model.
Other works do attempt to account other nonlinear battery properties, including decay. Tant et al. [8] perform a multiobjective optimization, investigating the trade-off between voltage reduction and peak power shaving. They account for both battery degradation and capital cost. Due to the complexity of their ultimate model, they use a convex approximation. Aksanli et al [9] generate a closed-form inequality for optimal battery configuration in residences using Coulomb counting model to constrain their battery use. Due in part to the complexity of Coulomb counting, however, they need to perform extensive simulation in order to reach their conclusions rather than a single-step optimization.
While there are several battery models that provide accuracy of battery characteristics, their complexity precludes use in optimization formulations, and most of the related work that uses batteries choose the inaccurate, if simpler, ideal model. Some works attempt to use the accurate models, but have to defer to approximations or simulation to draw conclusions. We aim to exploit some battery characteristics (depth of discharge level, charge/discharge rate) and approximate others (effective capacity) to provide a trade-off in the battery models, providing a closed-form optimization model that still preserves the important degradation characteristics of the battery.
III. PROBLEM FORMULATION
In contrast to the battery usage methods shown in the related work, we aim to maintain an accurate battery state, including the degradation in capacity over time and the expected lifetime in our formulation.
A. Battery Cost and ROI
The ultimate goal of using the battery is to provide financial benefit. This can be accomplished by reducing local energy consumption [8] , smoothing peaks to avoid peakpower scenarios, [4] , or time-shift usage to cheaper consumption periods [3] . All of these cases rely on varying utility energy prices, allowing storage to exploit high-priced peak power conditions and low-priced intervals. Another possibility for savings or recouping the investment is to treat varying prices as part of an energy market, selling during the high-priced periods and buying during the low-priced periods.
The return on investment (ROI) of the battery is the point at when the capital cost of the battery is recouped through the savings of selling stored battery energy. After this point, the battery has paid for itself, and any further savings are purely profit. While several works allow the battery to be charged/discharged at will within the constraints of an algorithm, the fact is that a battery's lifetime is limited: the manufacturer's cycle limit, in conjunction with the battery's charge/discharge cycles and degradation per cycle determines the lifetime of the battery, and ultimately, restricts any battery optimization.
In our approach, we base the ROI on the cycle life, as a battery cannot be used beyond this point. Additionally, as we aim for optimization over multiple years, we limit the amount of cycles consumed per year, to allow the battery to last for the duration of a target lifetime. As a result, unlike previous work, we predetermine an ROI target time (e.g. 5 years) and optimize the use of the battery over that lifetime. In some very short target times (e.g. 1 year), it is impossible to buy/sell enough energy in order to recoup the investment, but iterating over different lifetimes enables us to optimize battery use to an extent where the user profits.
B. Time-of-Use Energy Market
The utility energy market is shifting from uniform pricing to more flexible strategies such as tiered pricing, which is already used by utilities to curtail overconsumption [4] . As the grid trends towards a fully distributed generation system, another interesting scenario is time-of-use pricing (TOU). This implementation is a retail parallel of the current wholesale pricing that is offered to utilities by independent system operators [10] . TOU pricing is a reflection of grid supply and demand, and varies regionally and seasonally. Utility operators leverage varying pricing in order to maintain grid stability, incentivizing consumers to increase/decrease energy usage to balance voltage deviation. Figure 1 shows the annual price distribution for Houston, San Diego, and Boston, demonstrating a large variation across prices. Retail energy load analysis demonstrates annual usage patterns [11] , which are reflected by electricity unit price changes. These changes is usage create low/high points in the distribution and provide charge/discharge intervals to exploit for savings.
C. Real Battery
Chemical batteries have non-linear charge/discharge characteristics, both during each cycle and over the lifetime of the battery. These properties increase the complexity of accurate battery models, which in turn make simple optimizations more inaccurate. Additionally, the behavior of batteries over each cycle throughout their lifetime is not consistent [12] , [13] . Depth of Discharge (DoD): The depth of discharge (DoD) of the battery identifies how low batteries are drained [14] . Changing the maximum DoD reduces the cycle life of the battery in a nonlinear fashion, and as seen in Figure 2 , higher depths of discharge result in dramatically reduced cycle life. Effective Capacity: Another significant impact on battery characteristics is the degradation of the capacity of the battery over time. Every discharge-charge cycle incurs a degradation of the remaining maximum, or effective, capacity of the battery. In addition, different discharge rates (i.e. discharge current and voltage) result in both different degradation rates and different cycle life. For example, Figure 3 illustrates the impact of changing discharge voltage for a Li-ion battery. 
State of Health (SoH):
The state of health (SoH) of the battery is the ultimate metric for the lifetime of the battery. SoH is the percentage of the effectiveness of the battery in comparison to the rated condition of the battery. Different metrics are used to determine battery SoH, and of these, we use the remaining effective capacity as our metric. The terminating condition of the battery is when the effective capacity reaches a manufacturer-specified lower bound (e.g. 80% [9] ). Real Battery Simplification: Several models for batteries have been proposed: electrochemical, electrical-circuit, analytical, and stochastic [5] ; all of which allow complex use of batteries by varying charge/discharge rates, DoD, and adjusting the cycle life, effective capacity, and SoH. Complex, granular use of the battery allows for fine control of all the free variables, but the prescribed usage conditions from the related work can be accomplished by fixing the charge/discharge voltage and based on manufacturer cycle-life curves, and setting the maximum DoD, avoiding the trade-offs to battery lifetime. This allows the cycle life, the charge and discharge rates, and change in SoC to be fixed and predictable. This simplified battery scheme leaves only the effective capacity of the battery as the nonlinear change over its lifetime. As seen in Figure 3 , the degradation in capacity under manufacturer-recommended conditions (e.g. 4.2V, 4.25V) offers a large linear region with smaller nonlinear outliers. As a result, we choose to approximate the change in effective capacity with a linear simplification. In the next subsection, we formulate a battery usage optimization problem using these conditions.
D. Optimization Problem
The overarching goal of the problem is to optimize the benefit of battery use over the specified duration (in our case, one year) by discharging battery capacity when provided with TOU pricing: (1) where is the electricity unit price at time , is the energy discharged by the battery, and is the charging energy. In III.A, we define the return on investment (ROI) as a predefined time limit : the target number of years for the battery cost to be recouped. We allow the battery's SoH to reach the end of life ( ) at the end of years. Optimizing the profitability of battery usage over this time will determine if the initial cost can be recouped and if any profit can be gained in addition to the ROI.
To solve this optimization, we use integer linear programming (ILP). We leverage our observations on battery use to identify the ILP constraints: electricity pricing has an annual trend. Consequently, we divide the battery's total lifetime capacity into the expected ROI time , as it maximizes the expectation of reaching recoupment. This limits our maximum annual discharge energy to . This restriction defines the inequality equation for the ILP problem:
(2) The ILP's equality equation updates the battery capacity of the next iteration based on the charge and discharge events of the current iteration: is that the battery capacity at the next interval is dependent on the capacity on the current interval and the charge/discharge of the current interval:
(3) where is the remaining battery capacity for the next interval, and , , and respectively represent the battery state, discharge, and charge energy of the current interval.
The remaining constraints limit the battery to the manufacturer-recommended specifications in order to minimize the impact on cycle life; namely, the charge and discharge limits ( and , respectively), and the minimum and maximum charge on the battery ( and ). The latter limits correspond to the DoD limits for the battery as specified by the manufacturer:
While a battery's properties are strictly linear, the above equality equations and constraints hold on their own: the battery is limited to its depth of discharge, and the charge and discharge rates are limited to levels that do not adversely affect cycle time. However, even with the above constraints, the battery's effective capacity still decays over time. Specifically, does not remain constant throughout the lifetime of the battery. Instead, we now consider it a variable that changes over time:
, which corresponds to the effective capacity defined in III.C. We modify the inequality in (4), changing to .
The additional equality equation updates the current effective capacity changes with every discharge event:
where represents the rate in percentage reduction in the state of health per discharge energy. Because we use a linear approximation here, is determined by the total change in SoH over the total number of cycles in the lifetime of the battery. Multiplying it with allows the reduction to be proportional to the in a particular cycle.
IV. EXPERIMENTAL SETUP The goals are to determine the accuracy of the optimization outlined in Section III, and to show how we can leverage our scheme to demonstrate an upper bound for reasonable ROI under realistic conditions. The following subsections outline the data and experiment setup for the battery, utility pricing, and verification of the accuracy of the optimization.
A. Battery
The properties of the battery are important for populating the constraints and variables in the ILP formulation. As such, we chose a real battery intended for grid-connected operation. The most typical chemical storage for these applications is lead-acid (LA), but the newer lithium-iron phosphate batteries provide better current and voltage properties, and more important for our assumptions, a more stable degradation profile [17] . We select the following battery from Balqon Corporation [18] : where the operational characteristics (DoD, min SoH) were manufacturer recommendations. We can calculate the battery's operational cost using the total usable energy of the battery over its lifetime and its capital cost. While battery integration involves additional infrastructure (e.g. inverter), it is a one-time cost and can be discounted from the battery cost formulation: (8) With the specifications in Table 1 , the operational cost of the Balqon battery is $0.24/kWh. This precludes consistent usage for local loads such as appliances because, as the distribution in Figure 1 shows, at times it is cheaper to just use grid electricity rather than stored charge. Additionally, by taking appliances out of the equation, the focus remains on recouping the capital cost of the battery independently of usage patterns.
The other dependent factor for the ILP formulation is the target ROI lifetime, as it is used to calculate . This in turn determines how aggressively the battery is cycled each year, since we expect to reach the lifetime of the battery at the end of the target time. This is not a part of the formulation itself, so we instead iteratively provide longer deadlines to the optimization problem, from 1-10 years, by which point factors outside of charge cycling (i.e. chemical breakdown) accelerate the degradation of the battery.
B. Energy costs
The appropriate use of TOU pricing is critical for correct battery scheduling. As previously mentioned, wholesale pricing shows a high-level correlation on a yearly basis, but within a year, there is significant variation in high and low prices. Additionally, while wholesale pricing is a true TOU system, retail pricing tends to be flat or tiered, with only a few utilities providing a true TOU scheme. To account for this, we scaled available wholesale pricing for different regions to local retail prices, providing an emulation of retail TOU pricing.
We investigated three separate locations with different price profiles, retrieved from the 2013 record of local wholesale pricing independent system operators (ISOs): Boston [19] , Houston [20] , and San Diego [10] . Leveraging the yearly pattern, we extrapolate over the target lifetime by repeating the scaled annual costs each year. A summary of characteristics is shown in Table 2 : Houston has the lowest retail price, in part due to very high energy availability. High summer temperatures contribute to moderate deviation in the costs throughout the year. In contrast, Boston has very high energy demand and more tightly constrained energy availability, leading to both the highest average price and deviation. San Diego strikes a middle ground, with very consistent usage and pricing: it is the median in average price, but the low deviation in consumption translates to the lowest deviation in price.
We optimize the battery over a full year's worth of pricing data, replicated for every subsequent year of the target time. While such a long-term optimization is somewhat infeasible, as knowing such long-term pricing is unrealistic, it does provide an upper bound for the optimization, and invites further analysis for different optimization schemes, such as weighting cycles based on weekly or monthly trends and predictions.
V. RESULTS
A. Optimization Accuracy
The first set of experiments establishes the accuracy of the battery optimization proposed in Section III. The goal of the formulation was to reduce the inaccuracy of an ideal battery model (represented by using only Equations 1-6). We solve the LP problem, then compare the final SoH, calculated as the ratio of effective capacity to the rated capacity, against a simulation of the resulting charge/discharge using the accurate Coulomb counting model [4] . Table 3 outlines the comparison of the error in SoH for all three locations with a 5-year ROI deadline: In all three cases, the LP formulation maintains within 6% error of the Coulomb counting simulation, demonstrating high accuracy. By fixing both the discharge rate and the DoD and accounting for the reduction in effective capacity, the formulation maintains a good model of a battery.
B. Linear Battery vs. Degrading Battery
We next compare the degrading battery formulation to the linear battery model used in the related work. This is the formulation represented by Equations 1-6 compared with the incorporation of degradation introduced by Equation 7. The SoH is not an appropriate metric for comparison, since the linear model does not degrade. However, the overall calculation of the ROI between the two models represents an appropriate metric for comparison. For example, a subset of the ROI results for San Diego are shown below. As the ROI target becomes longer, the battery usage becomes less aggressive, and there are more opportunities for net savings (positive) as opposed to remaining in a deficit (negative). The linear battery deviates from the decaying model from 3% up to 106% (for ROI of 5 years in the table above), demonstrating over 2x error when disregarding the effective capacity decay.
C. Regional ROIs Boston: Boston demonstrates a return on investment of the amortized cost of the battery in 5 years. From that point onward, the consumer nets a profit, of over $1,000/year with a 10-year ROI. The high average energy cost combined with the high deviation (see Figure 1 ) allowed many intervals where buying low and selling high could be exploited. As a result, it provided the quickest ROI time among the three test cases.
Houston: Houston presented an unsuccessful scenario for the optimization problem. It combined the lowest energy pricing with low deviation. Even optimizing over a year, and extending the ROI target, and consequently, the lifetime, of the battery to 10 years could not provide enough savings to warrant the use of the battery, with a loss of $109/year. The flat, cheap utility costs were simply too low, and the overwhelming capital cost of the battery could not be overcome. Section V.D extends the case study to extrapolate to future decreases in battery costs.
San Diego: San Diego provided a middle ground between the two other cities. While it too had low utility energy costs and the lowest deviation, the increase in the average cost over Houston provided enough opportunities when given longer ROI timelines. Consequently, the consumer recoups the cost of the battery in just under 6 years. Between 6-10 years, the battery provides a profit of $89-$636/year. Additionally, while the overall standard deviation was low, the few outlier peaks and valleys were significantly higher/lower than Houston, which, when combined with a longer ROI horizon, provided more lucrative selling points.
D. Decreasing battery costs
The results of the Houston case study in the previous subsection illustrate that the capital cost of batteries may remain prohibitively high for energy trading in some retail markets. However, battery technology improvements are driving these prices lower. We extrapolated this trend with the Balqon battery by reducing its operational expenses from 0.25 $/kWh over the battery's lifetime, the current state of the art, to 0.05 $/lifetime-kWh, in $0.05 increments. Figure 6 maps the resulting change in the net cost for Houston over both different lifetimes and the reducing cost of the battery. Already, with the reduction in operational cost from 0.25 $/kWh to 0.20 $/kWh, we see the ROI being fulfilled in 8 years. As the price drops further, the ROI drops to as few as 4 years for 0.10 $/kWh. Similarly, ROI times for San Diego and Boston were reduced to as little as 1 year. This demonstrates the growing feasibility and profitability of energy trading in the near future.
VI. CONCLUSIONS
In this work, we aim to provide a more accurate low-overhead battery model for linear battery scheduling optimization in a time-of-use utility pricing scenario. We mitigate the adverse effects on cycle life caused by varied charge/discharge rates, depth of discharge levels, and integrate the overhead of effective capacity degradation. We then develop a linear programming model that is demonstrated to be effective to within 5% error of a Coulomb counting simulation. Finally, we investigate the use of our model in practical scenarios with real data, showing an upper bound for the return on investment for the battery in as few as 5 years.
VII.
